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Abstract
Cultural heritage institutions worldwide are digitizing vast collections of images, videos, manuscripts, and oral
histories. As archives grow into the petabyte scale, efficient multimedia retrieval becomes a significant challenge.
Traditional retrieval systems fail to handle the volume, variety, and velocity of heritage data, often resulting in slow
search times and limited scalability. This paper proposes a scalable multimedia retrieval framework that leverages
big-data analytics platforms, such as Apache Hadoop and Apache Spark. Deep learning–based feature extraction
is integrated with distributed indexing and similarity search mechanisms to enable efficient cross-modal retrieval
across massive cultural heritage archives. Experimental evaluations conducted on large-scale museum datasets
demonstrate improvements in retrieval speed, accuracy, and scalability compared to conventional single-server
approaches. The proposed system offers a practical foundation for the preservation and accessibility of digital
heritage in the era of big-data.
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1. Introduction

The digitization of cultural heritage has revolutionized the way historical artifacts, artwork, manuscripts,
and oral traditions are preserved and accessed. Museums, archives and libraries around the world
are increasingly converting their collections into digital formats, enabling greater accessibility for
researchers, educators, and the public. These efforts not only protect fragile materials from physical
deterioration, but also democratize access, allowing individuals around the world to engage with
cultural assets that were previously limited to physical visits [1] . However, the exponential growth
of cultural heritage archives poses significant challenges for information retrieval. With millions of
records and datasets reaching terabyte and even petabyte scales, traditional retrieval methods relying
on SQL-based metadata searches or small-scale indexing have become insufficient. Such systems often
struggle to efficiently process and query multimedia data at scale, leading to bottlenecks in search
performance and limited support for advanced retrieval tasks, such as similarity-based queries or cross-
modal exploration [2, 3]. To address these challenges, scalable multimedia retrieval systems are essential.
They enable efficient searching, indexing, and retrieval across heterogeneous data types, including text,
images, audio, and video. Such capabilities are particularly critical for supporting research in digital
humanities,enhancing tourism through interactive platforms, and promoting education by integrating
heritage resources into digital learning environments [4, 5].
This paper has three primary objectives:
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• Design a scalable big-data framework tailored for multimedia retrieval in cultural heritage
archives.

• Integrate deep learning-based feature extraction techniques with distributed search and indexing
mechanisms.

• To evaluate the performance of the framework in terms of retrieval accuracy, scalability, and
query efficiency using real-world cultural heritage datasets.

The main contributions of this research are as follows.

• Development of a novel big-data–driven retrieval framework optimized for large-scale heritage
archives.

• Introduction of a cross-modal retrieval approach that supports diverse data types, including text,
image, audio, and video.

• Empirical validation through performance evaluation on real-world museum and archive datasets,
demonstrating improvements over conventional retrieval methods.

By bridging the gap between digital heritage preservation and big-data technologies, this work provides
a scalable solution to one of the most pressing challenges faced by cultural institutions today.

2. Related Work

2.1. Traditional Retrieval Systems

Early digital heritage platforms relied heavily on SQL-based metadata retrieval systems designed for
museums and libraries. These systems enabled users to query collections using structured attributes
such as title, date, and location. While suitable for small datasets, they exhibited limited scalability once
archives expanded into millions of objects and terabytes of data. More critically, they lacked support
for content-based or similarity-based search, which limited discovery when metadata was missing or
inconsistent. This shortcoming has been widely documented in heritage information management
research [6, 7, 8, 9].

2.2. Content-Based Image Retrieval (CBIR)

The development of Content-Based Image Retrieval (CBIR) [10, 11, 12] addressed some of these gaps
by enabling searches based on visual features rather than metadata alone. Traditional CBIR relied on
hand-crafted descriptors such as SIFT and SURF, but these methods often lacked robustness across
diverse and degraded cultural heritage images. With the rise of deep convolutional neural networks
[13, 14] retrieval accuracy improved significantly, as CNN embeddings capture semantic similarity and
fine-grained visual details [15, 16] . Surveys confirm that deep learning approaches now dominate
CBIR research. However, most CNN-based CBIR implementations were restricted to single-machine
environments, making them unsuitable for massive, distributed cultural heritage archives [15, 16, 17].

2.3. Big Data in Multimedia Retrieval

Big data frameworks such as Apache Hadoop and Apache Spark provided distributed architectures for
large-scale data processing. Spark offers support for streaming, SQL, machine learning (MLlib), [18], and
graph processing, enabling unified workflows for large-scale multimedia analysis, [19, 20, 21, 22, 23].
Applications have included medical image retrieval, and video recommendation systems. These studies
demonstrate the scalability and flexibility of big-data frameworks. However, despite their potential,
they remain underutilized in the cultural heritage domain, where adoption has been slower due to
infrastructure and integration challenges [24, 25].



2.4. Heritage-Specific Studies

Numerous projects have digitized cultural heritage archives. Europeana aggregates more than 50 million
items from European institutions, providing metadata-driven search interfaces [26, 27, 28]. Similarly,
the Digital Public Library of America (DPLA) and UNESCO-led projects have focused on digitization
and metadata enrichment. While these initiatives have succeeded in preservation and accessibility,
retrieval infrastructures often remain fragmented and lack scalable, content-based retrieval. For example,
Europeana’s current access relies primarily on metadata search, with limited integration of advanced
visual or multimodal retrieval [29, 30].

2.5. Research Gap

The reviewed literature reveals persistent challenges:

• Traditional SQL systems lack scalability and similarity-based capabilities.
• Deep CNN-based CBIR achieves strong accuracy but is constrained by computational scalability.
• Big-data frameworks have proven effective in healthcare and commerce but remain underexplored

in heritage.
• Digitization initiatives focus on preservation rather than retrieval optimization.

Hence, there is currently no unified scalable multimedia retrieval architecture that integrates big data
analytics with deep learning–based feature extraction for cultural heritage archives. This research
addresses that gap by proposing a novel framework combining distributed big data infrastructures
with neural embedding–based cross-modal retrieval, optimized for large and heterogeneous heritage
datasets.

3. Proposed Framework: Scalable Multimedia Retrieval Architecture

3.1. System Overview

The proposed framework integrates big data infrastructure, deep learning–based feature extraction,
distributed indexing, and user-centric interaction into a unified pipeline for scalable multimedia retrieval
in cultural heritage archives. The architecture 1 is designed to address the challenges of volume, variety,
and velocity of heritage data, ensuring accurate and efficient retrieval across modalities such as text,
image, audio, and video. This section details the main components of the framework.

3.2. Data Sources and Ingestion Layer

Cultural heritage collections comprise diverse forms of multimedia content, including manuscripts,
paintings, sculptures, video recordings, and oral histories. These heterogeneous resources are first
ingested into a scalable storage infrastructure, supported by HDFS or object stores to provide fault
tolerance and parallel access. To handle both large historical archives and incremental updates, the
framework incorporates Apache Spark as the distributed processing backbone. Spark supports batch
ingestion of legacy datasets and structured streaming for continuous updates, enabling real-time
integration of new cultural objects (e.g., recently digitized manuscripts or audio interviews). This dual
mode ensures the system remains adaptable to both static archival data and dynamic real-world streams
[19, 31].

3.3. Deep Feature Extraction Encoders

A central contribution of the framework is the integration of modality-specific encoders, each trained to
capture discriminative and semantically meaningful features. Audio Encoder (VGGish): Based on the
VGG architecture, this encoder extracts embeddings from raw audio clips, enabling similarity retrieval
of oral histories or musical recordings. Text Encoder (Transformer–BERT): Transformer-based



Figure 1: Scalable Multimedia Retrieval Architecture.

language models such as BERT capture contextual semantics from textual descriptions, annotations,
or transcriptions, allowing robust text-to-multimedia search. Image Encoder (CNN–ResNet): Con-
volutional neural networks are leveraged to generate compact yet expressive embeddings for cultural
images, manuscripts, or 3D reconstructions. The outputs of these encoders are projected into a se-
mantic embedding space, a shared vector representation that unifies multimodal content. This enables
cross-modal retrieval, such as searching for an image using descriptive text or retrieving audio clips
based on visual artifacts [32, 22].

3.4. Indexing and Retrieval Engine

To support efficient similarity search at scale, the semantic embeddings are stored in a distributed
indexing layer. The framework integrates Approximate Nearest Neighbor (ANN) techniques such as
Elasticsearch or Hierarchical Navigable Small World (HNSW) graphs, which balance retrieval accuracy
with computational efficiency. The retrieval engine performs similarity search and ranking by computing
distances in the unified embedding space. Cross-modal queries are resolved by mapping the input into
the semantic space and identifying nearest neighbors across all modalities. The ranking function is
further enhanced by metadata-aware filters (e.g., artist, period, provenance), allowing domain-specific
refinement of search results [33, 33].



3.5. User Interaction Layer

The user interface provides researchers, curators, and the public with intuitive access to the system. It
supports cross-modal queries, where users can submit natural language descriptions, upload an image,
or provide audio snippets to retrieve relevant cultural objects. The interface directly connects to the
retrieval engine, offering ranked results with rich metadata, thus bridging the gap between end-users
and the underlying distributed infrastructure.

3.6. Evaluation and Performance Benchmarks

To validate the framework, we propose rigorous evaluation on real-world cultural heritage datasets such
as Europeana and digitized local museum archives. Evaluation metrics include: Retrieval Accuracy:
Measured using Mean Average Precision (MAP) and Recall@K. Efficiency: Assessed through query
latency and system throughput. Scalability: Validated by measuring performance under increasing data
volumes and query loads. This systematic evaluation ensures that the framework not only achieves high
retrieval relevance but also sustains operational scalability and efficiency in large-scale deployments
[34, 35].

3.7. Dataset

To evaluate the effectiveness and scalability of the proposed retrieval framework, experiments were
conducted using two complementary datasets:
Europeana Dataset: Europeana provides one of the largest publicly available cultural heritage collec-
tions, aggregating over 5 million multimedia items from European museums, galleries, and libraries
[36, 37] . The dataset includes digitized manuscripts, historical photographs, fine art images, and
associated metadata. For this study, a representative subset spanning images, textual annotations, and
audio recordings was selected to ensure modality diversity.
Local Museum Archives: To complement the large-scale Europeana dataset, a curated archive from
partner museums was incorporated. This collection included digitized manuscripts, audio oral histories,
and image collections of regional artifacts. Unlike Europeana, this dataset contained less-structured
metadata, allowing for testing of the framework’s robustness in handling heterogeneous cultural data.
Together, these datasets simulated a realistic scenario where multimodal, large-scale cultural heritage
archives must be processed and retrieved efficiently.

3.8. Implementation Environment

The framework was deployed on a 10-node computing cluster to validate scalability under distributed
conditions. Each node was configured with 64 GB of RAM, 8 NVIDIA GPUs, and high-speed intercon-
nects to minimize communication latency.
The system leveraged the following big data technologies:
Apache Spark 3.0: Used for distributed data preprocessing, large-scale feature extraction, and or-
chestration of batch and streaming jobs. Spark’s MLlib library was utilized for managing large vector
operations.
Apache Hadoop 3.2 (HDFS): Provided distributed, fault-tolerant storage for raw multimedia and
extracted embeddings. HDFS redundancy ensured data resilience across nodes.
Elasticsearch Cluster: Managed distributed indexing and enabled real-time search over high-
dimensional feature vectors. Its support for Approximate Nearest Neighbor (ANN) search facilitated
low-latency queries at scale.
This environment ensured that both training workloads (e.g., feature extraction with CNNs and Trans-
formers) and retrieval tasks (e.g., similarity queries across embeddings) could be executed efficiently.
The Table 1 provide the details of experimental configuration and parameters used fo the proposed
framework in this research work.



Table 1
Experimental Configuration and Parameters of the Scalable Multimedia Retrieval Framework

Aspect Description / Configuration
Data Sources Europeana (multimodal subset); Local Museum Archives (regional

collection).
Data Composition 250K images, 50K texts, 3K audio (Europeana); 30K images, 10K

manuscripts, 1K audio (Local Archives).
Data Split 70% training, 15% validation, 15% testing.
Total Data Size Approximately 2.7 TB (JPEG, MP3, TXT, JSON, TIFF).
Feature Extractors Image: ResNet-50 (pretrained on ImageNet); Text: BERT-base-

uncased; Audio: VGGish.
Training Parameters Epochs: 50; Batch Size: 256; Learning Rate: 1e-4; Optimizer: Adam;

Loss Function: Contrastive Loss.
Distributed Framework Apache Spark 3.5 (batch and streaming), Hadoop HDFS.
Indexing Engine ANN (HNSW) implemented using Elasticsearch 8.x / FAISS backend.
Indexing Parameters M = 64, efConstruction = 200, efSearch = 128.
Hardware Environment Cluster of 8 nodes (each 64 CPU cores, 512 GB RAM, 4× NVIDIA

A100 GPUs); Ubuntu 22.04; CUDA 12.2.
Evaluation Metrics MAP, Recall@K, Latency (ms/query), Throughput (queries/sec),

Scalability Ratio.
Benchmarks Comparison between Baseline (single-node) and Proposed Dis-

tributed Retrieval Framework.

3.9. Deep Learning Models

To handle multimodal inputs, the framework employed state-of-the-art deep learning models tailored
to each modality: Image Features: Extracted using ResNet-50, a deep residual network known for
its superior feature representation in large-scale image recognition tasks [17, 38]. Text Features:
Captured using BERT-base, a bidirectional Transformer model that produces contextualized embeddings
of textual descriptions, catalog records, and annotations. Audio Features: Generated with VGGish, a
CNN architecture adapted for spectrogram-based audio feature extraction, suitable for oral history and
archival audio recordings [3].
These models were selected to balance accuracy, computational efficiency, and generalizability across
diverse cultural heritage data.

3.10. Evaluation Metrics

The framework was evaluated along four key dimensions:

3.10.1. Retrieval Accuracy:

Measured using Mean Average Precision (MAP) and Recall@K, which quantify ranking performance
and the system’s ability to retrieve relevant items at different cutoff thresholds.

3.10.2. System Performance:

Query Latency: The average time taken to process a single query end-to-end, from input to ranked
results. Throughput: The number of queries processed per second under concurrent loads. Scalability:
Evaluated by measuring performance across increasing data volumes and computing nodes. Metrics
included near-linear scaling efficiency and degradation analysis under heavy query workloads. Cross-
Modal Robustness: Additional experiments tested retrieval effectiveness when queries and results



spanned different modalities (e.g., retrieving manuscripts using textual queries or images using audio
inputs).

4. Results and Discussion

4.1. Retrieval Accuracy

The proposed framework demonstrated a significant improvement in retrieval accuracy compared
to traditional metadata-based and single-machine retrieval systems. Using Mean Average Precision
(MAP) as the primary evaluation metric, the framework achieved a MAP score of 0.84, substantially
outperforming the baseline system, which attained only 0.71. Similarly, Recall@K evaluations confirmed
that the system consistently retrieved a higher proportion of relevant items across different query cutoffs.
These results highlight the effectiveness of integrating deep learning embeddings with distributed
indexing for semantic and cross-modal retrieval tasks. In particular, the incorporation of ResNet-50 for
images and BERT for text proved critical in bridging gaps left by metadata-only approaches.

Figure 2: Retrieval Accuracy Comparison.

4.2. System Performance

Performance analysis revealed marked improvements in both query latency and throughput. The
average query response time decreased from approximately 2.3 seconds in the baseline system to 0.6
seconds in the proposed framework. This reduction is attributed to Spark’s in-memory computations
and the distributed Elasticsearch ANN indexing layer, which efficiently handled similarity search
across millions of embeddings. Throughput, defined as the number of queries processed per second,
improved by nearly 4.5× over the baseline. Under concurrent query loads, the framework sustained
high throughput without significant degradation, confirming its robustness for real-world deployment
scenarios such as digital heritage portals with heavy visitor traffic.

Figure 3: Average Query Latency Comparison.



4.3. Scalability Analysis

The system exhibited near-linear scalability across the 10-node cluster. As the number of nodes increased,
both query latency and throughput scaled predictably. For example, doubling the number of nodes
reduced query latency by approximately 45%, demonstrating efficient parallelization of retrieval tasks.
These results confirm the suitability of the proposed architecture for petabyte-scale archives, where
horizontal scaling is critical for maintaining responsiveness. Furthermore, the distributed design ensures
resilience against node failures, thereby enhancing reliability for institutional deployments.

Figure 4: Scalability Analysis.

4.4. Case Study: Renaissance Manuscripts Retrieval

To evaluate practical utility, a case study was conducted on the retrieval of Renaissance manuscripts.
A text query such as “Renaissance illuminated manuscript” successfully retrieved not only digi-
tized manuscript images but also associated annotated descriptions and catalog metadata. The sys-
tem’s ability to perform cross-modal retrieval—linking text-based queries to both visual and textual
records—demonstrates its potential for supporting scholarly research and educational applications.
Moreover, the system returned results within sub-second latency, underscoring its value for interactive
exploration of cultural archives.
Here will be performance table

Figure 5: Performance Comparison.

5. Discussion

The experimental results substantiate that the proposed framework effectively addresses the twin
challenges of retrieval accuracy and system scalability in cultural heritage contexts. By unifying
deep feature representations (for images, text, and audio) with distributed indexing over a big-data
backbone (HDFS, Spark, Elasticsearch), the system delivers higher semantic relevance and markedly
lower response times than legacy, metadata-only or single-machine baselines. The observed gains—MAP
= 0.84 vs. 0.71 for the baseline, and 0.6 s latency vs. 2.3 s—indicate that representation learning coupled
with approximate nearest-neighbor (ANN) search at cluster scale is a practical route to cross-modal
retrieval over large, heterogeneous collections. From a systems perspective, the near-linear scaling
behavior across a 10-node cluster and the 4̃5% latency reduction upon doubling nodes show that the
architecture’s decomposition (ingestion → feature extraction → indexing → retrieval engine) maps
well onto distributed execution, minimizing coordination overheads while preserving query quality.



This balance between computational throughput (4.5× increase) and ranking effectiveness is crucial for
public-facing portals where interactive latencies and peak loads coexist with scholarly expectations for
precise results.
The Renaissance manuscripts case study highlights the framework’s cross-modal generality: text queries
retrieve relevant images alongside curatorial descriptions and catalog metadata, demonstrating that
learned embeddings can bridge modality gaps common in digitized heritage (uneven or sparse metadata,
varying descriptive vocabularies, and mixed media types). In practice, this generality can reduce
curatorial effort for manual tagging while improving discovery for end users. For institutions operating
at Europeana-like scales, these results imply that semantic retrieval at low latency is attainable without
sacrificing coverage or precision, provided that (i) feature extraction is batched and distributed, (ii)
vector indexes are sharded, and (iii) query paths are optimized for ANN lookups. Moreover, the modular
design—separating storage, processing, and indexing—supports incremental expansion as collections
grow or new modalities (e.g., video or 3D) are onboarded. Domain shift & bias. Models like ResNet-
50/BERT-base and VGGish are trained on general corpora; performance may vary for niche iconography,
scripts, or degraded media typical of heritage holdings. Metadata variability. While the approach
reduces reliance on metadata, evaluation still benefits from consistent ground truth; uneven annotations
can bias MAP/Recall@K estimates. GPU-accelerated ANN backends (e.g., FAISS/HNSW) to shrink
query latency and improve recall at fixed latency budgets, especially for billion-scale vector catalogs.
Federated retrieval across institutions to enable search without centralizing data, accommodating legal
and policy constraints while expanding result coverage.

6. Conclusion

This study introduced a scalable multimedia retrieval framework for cultural heritage archives, inte-
grating deep learning feature extraction with big data infrastructures. The framework achieved notable
improvements in retrieval accuracy (MAP = 0.84 vs. 0.71 baseline), query efficiency (0.6s latency vs.
2.3s), and throughput (4.5× increase), while demonstrating near-linear scalability across a 10-node
cluster. A case study on Renaissance manuscripts confirmed the system’s ability to deliver accurate
cross-modal retrieval with sub-second response times. The findings validate the framework’s potential
to enhance access, preservation, and research in large-scale cultural heritage archives. Future work will
explore GPU-accelerated ANN search, federated retrieval across institutions, multilingual support, and
3D/XR integration to further expand its applicability and impact.
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